Personalized Digital Assistants (PDAs) and other forms of hardware needed to collect survey data electronically have become more affordable and powerful in recent years, leading to their use in a number of surveys in developing countries. Simple use of these devices can offer the prospect of more timely data entry and greater accuracy in guiding respondents through skip patterns. Further benefits are possible through the use of more complex consistency checks. We use PDAs to measure sales and profits for microenterprises, which are notoriously noisy. Consistency checks in the cross-section compare sales and profits, while those in the panel query responses which result in large changes from one period to the next. Cross-sectional checks also served as a second prompt in the case of missing profits. These checks do succeed in reducing the standard deviation and in increasing the correlation of the observations for which corrections are made. However, we find that the vast majority of large changes in enterprise sales and profits are confirmed by firm owners as genuine, highlighting the volatility of income in this sector. As a result, the overall impact of these consistency checks on the full sample is rather limited, suggesting that while such checks are useful if computerized forms of data collection are being used, the consistency checks per se are not a strong reason for using computerized data collection in collecting firm profits and sales.
Introduction
Accurate measurement of microenterprise profits and sales is crucial for understanding the dynamics of enterprise growth and the success of policies designed to raise the incomes of the self-employed. However, such data are notoriously noisy. Two indicators of this are the high standard deviation relative to mean seen in cross-sectional profit data, and the relatively low autocorrelation over time seen in panel data. For example, the coefficient of variation in profits among control firms in Banerjee et al. (2009) is 73 1 , while McKenzie and Woodruff (2008) report that the percentage change in monthly profits from one calendar quarter to the next in their Mexican data ranges from -97.6 to +4,110. In some cases the data quality is so poor that the authors choose to not use profit or sales data, even though firm performance is a key outcome of interest (See, for example, Dupas and Robinson, 2009) . While much of this cross-sectional variation may reflect genuine differences in outcomes among similarly sized firms, and much of this temporal volatility may reflect actual shocks and seasonality experienced by firms, there is a suspicion that much is also due to mismeasurement.
The increasing availability and affordability of computerized data collection through the use of Personalized Digital Assistants (PDAs), Ultra-Mobile Personal Computers (UMPCs), and other such hardware offers one potential new avenue for improving the quality of measurement of microenterprise performance. 2 These devices have been used in many developing countries since the mid-2000s, including in some large-scale surveys such as the Demographic and Health Survey (DHS) in Peru. 3 Some of the advantages and disadvantages of these experiences are discussed in Rosero-Bixby et al. (2005) , who note that potential advantages include more accurate and speedier data entry, better handling of skip patterns, the ability to sample on the spot, collecting GPS readings (see also Gibson and McKenzie, 2007) , and taking photographs all as part of the same data collection. Caeyers, Chalmers and de Weerdt (2009) show in an experimental setting that computer-assisted personal interviewing results in fewer inconsistencies and less outliers in consumption than paper based questionnaires. Potential disadvantages include costs, the technical expertise needed to develop the electronic questionnaire, difficulties working in non-Roman languages, risk of theft and battery failure, and problems arising from the small PDA screen and interface. Nevertheless, there is a sense that many of these problems will become less severe as technology improves and costs fall over time, making electronic data collection more and more common. 1 Note Banerjee et al. (2009) calculate profits as revenues less expenses. As shown in de Mel et al. (2009) , this results in a much larger standard deviation in profits than directly measuring profits. This is evidenced by Banerjee et al. having a coefficient of variation of 3.8 for sales--still large, but much smaller than for profits. 2 A second, complementary, avenue is through better questionnaire design. See de Mel et al. (2009) for discussions of how to measure profits. 3 See for example http://www.macrointernational.com/Information/DataColl/mobile.aspx [accessed July 28, 2009] In this paper we consider whether the use of consistency checks in PDAs can improve the measurement of microenterprise profits and sales, both in the cross-section and especially in a panel setting. We do this in the context of a quarterly panel of microenterprises in urban Ghana being collected as part of an ongoing randomized experiment. In the cross-section firm owners are queried if they report profits greater than or equal to sales, while in the panel they are queried if the change in profits or sales from one quarter to the next exceeds a predetermined threshold. In practice, the cross-sectional check also served as a second prompt on profits in cases where the firm owner gave sales data but had missing profits data. We are unaware of previous uses of consistency checks in a panel setting, especially with enterprises, and believe that such checks are an innovation that are likely to be adopted by others as electronic data collection becomes more common. We retain both the raw data and any changes after these consistency checks are recorded, allowing us to determine how much difference these consistency checks make.
We find that such checks do reduce the coefficient of variation and increase the autocorrelation of the observations that get revised. The use of the consistency check as a second prompt on profits when the owner had given sales data, but only given a range or no answer for profits, resulted in many of these missing values being corrected. However, only 3-13 percent of the observations in a survey round end up being revised, and the revisions are almost always less than an order of magnitude. In the panel setting, we find only 3-15 percent of the large changes in profits and sales that trigger our consistency checks result in corrections, with firm owners confirming the majority of these large changes as genuine. This shows that much of the high volatility seen in firm sales and profits is driven by shocks and seasonality, not by measurement error. As a result, the consistency checks have very minimal effect on the means, standard deviations, and autocorrelations of sales and profits for the full dataset. As such, it appears that the use of PDAs or other electronic data collection methods for measuring firm profits and sales is unlikely to be justified on the basis of better measurement alone, but if such tools are being used, then we believe including these panel consistency checks is a useful addition.
The Survey and use of PDAs
The data are from the Ghana Microenterprise Survey, a quarterly panel survey designed by the authors for the purpose of carrying out a randomized experiment in which small grants will be given to randomly selected enterprises in the cities of Accra and Tema. 4 The broader project is interested in examining differences between male-and female-owned microenterprises depending on whether they work in industries which are dominated by their own gender, or in gender-mixed industries. It therefore aimed to work with a representative sample of microenterprises which was stratified by gender and sector.
Sampling and Survey Design
The sample was constructed as follows. First, enumeration areas (EAs) were selected with probability proportional to the number of households in these EAs according to the 2000 census. We randomly selected 70 EAs in Accra and 30 in Tema. Then, to reduce the costs of listing, we subdivided EAs into equal areas, such that each area would contain approximately 70 to 80 households. This typically required dividing an EA into half or thirds. One of these areas was then randomly selected from each EA. Enumerators went door to door in this area to carry out a screening survey of each household. Households were screened for whether they contained any individual who was aged 20 to 55, and who was self-employed, worked 30 or more hours per week, had no paid employees, and did not own a motor vehicle that was used in the business. 5 The gender and sector of all individuals in a household passing this screen was then recorded. This resulted in screening 7,567 households to identify 3,907 individuals who passed the screen. Only 19.4 percent of these individuals were male, showing the predominance of women among small enterprise operations in urban Ghana. In order to minimize the spillovers from the treatments to be carried out, we did not want to select too many individuals from any given EA who were in the same line of business. We therefore randomly selected up to 5 males in male-dominated and up to 5 males in mixed industries from each EA, and up to 3 females in female-dominated and up to 3 females in mixed industries from each EA to survey, in the process ensuring that only one individual was chosen from any given household.
This resulted in a sample of 907 firms, consisting of 538 females and 369 males. A baseline survey of these firms was conducted in October and November 2008. The firm owners were asked for details of both their firm and their household, with the median firm taking 68 minutes to answer the survey. The key variables collected for the purposes of this paper are firm profits and firm sales. Profits are measured via a direct question, following the recommendations of de Mel et al. (2009) . Firm owners were directly asked "after paying all expenses, what were the profits of the business during the month of September 2008? Do not include any income you paid yourself as an expense". Firm owners who replied "don't know" or who refused to answer this question were then asked a follow-up range question, which asked whether their profits were in given ranges. Sales were asked as the total monthly sales from all sources in the past month. Follow-up surveys were then conducted of these same firms in February 2009, May 2009 and August 2009.
Electronic Data Collection and Consistency Checks
Both the listing exercise and the survey itself were carried out using PDAs. Specifically, the hardware used was the HP iPAQ Business Navigator (614c), which included a digital camera and GPS capability. At the time of the survey, retail price was US$350 per unit. The survey was programmed using PocketSurvey, which was used by Oxford University under an annual multiunit license. At the time of writing the cost of this software is £5000 + VAT for a single user, £250+VAT per additional handheld unit, and £1000+VAT for each additional desktop license. Running a standalone survey with two desktop licenses and twenty handheld units therefore would cost £12,300 (approx. US$20,000). 6 Programming the baseline survey took approximately 75 hours of researcher time, while programming the follow-up surveys which retained many of the same questions each round took approximately 20 hours per round.
We programmed consistency checks for sales and profits in both the cross-section and in the panel. In choosing when to trigger a consistency check we had to trade off the potential for improved data against the cost of lengthening the questionnaire time for firms. We therefore chose to keep the number of checks relatively parsimonious, restricting them to the key panel variables and restricting the number of cross-checks. In the cross-section, we carried out two checks on profits and sales. The first was triggered if reported profits were greater than reported sales, while the second was triggered if reported profits equaled reported sales and reported expenses exceeded zero. If the check was triggered, firm owners were told, for example, "You told us sales were 100 and profits were 120. Is it really true that your profits exceeded your sales last month?" They were then asked to confirm what their profits and sales actually were.
One could consider comparing directly reported profits to directly reported revenues less expenses. However, there are a number of reasons why the two need not be equal over a one month period (see de Mel et al. 2009 ), chief among them being a mismatch between when expenses are made and when the revenues associated with those expenses are realized. Our less strict consistency check is not subject to this problem, and should capture mistakes. The checks were intended to catch keypunch and misreporting errors, as well as cases in which the concepts of sales and profits have been mixed up or treated as the same thing by the owner. In practice however, PocketSurvey treats missing values as infinity (similar to Stata), so that if profits are missing and sales are not, then this check will also be triggered. 7
In the panel our consistency check aims to determine whether large changes from one quarter to another in monthly sales and profits are genuine or mismeasurement. We therefore programmed PocketSurvey to pull in the previous round's sales and profits data, and calculate the absolute and percentage change in monthly profit and in monthly sales. A consistency check was then triggered if the percentage change was less than -33.3 percent or greater than +50 percent in the quarter and if the absolute change in profits was at least 20 cedi and absolute change in sales at least 50 cedi. 8 The absolute criteria prevented firms with very low profits or sales from having to answer consistency check questions when the actual change was very small. The percentage change thresholds were chosen for symmetry of absolute change, and were based on approximately the 25 th and 75 th percentiles of changes in profits seen in the microenterprise panel data from Sri Lanka used in de Mel et al. (2009) . They also turned out to be close to these same percentiles for changes in profits in the raw (uncorrected) data in Ghana.
Firms which were triggered in the panel check were then told, for example, "in the last survey you told us your January sales were 100, and you have just told us your April sales were 800. Have your sales really increased this much?" They were then asked to confirm both the previous round's and current round's sales. 9 One might question whether there is more measurement error in asking firms to recall sales or profits from four months ago compared to one month ago. De Mel et al. (2009) compare sales reported over four month and one month intervals in Sri Lanka and find a Spearman correlation of 0.65, with mean sales 10 percent lower when asked with the longer recall. Since we are only asking for this recall when the percentage change in sales or profits is much larger, we believe that any measurement error introduced by recall is second order compared to the potential measurement error triggering the consistency check. That is, a firm owner might not recall correctly whether January sales were 100 versus 80, but should remember whether they were one of these versus 800.
These checks were intended to be implemented from round 2 onwards. However, a programming error with skip patterns meant that the check on changes in profits was only implemented starting in the third round. We therefore have the cross-sectional consistency checks in all rounds, the panel checks occurring in round 2 onwards for sales, and the panel checks occurring in round 3 onwards for profits.
Note that it is the panel consistency checks which rely most on the PDA for easy implementation. It order to do this with a paper-based survey, one would have to have a paper page for each firm which listed its previous profits and sales, and then rely on the enumerator to calculate the absolute and percentage changes. This is certainly feasible when only one or two key questions are being checked in the panel, but still likely to be prone to more errors, and would become less feasible if one wished to employ panel consistency checks for a wider range of variables. In contrast, the cross-sectional consistency checks wouldn't be very difficult to implement in a paper-based survey, although the PDA still simplifies this. In the case of missing values for profits, the cross-sectional consistency check essentially served as a second prompt on profits, but with reference to sales being reported. While enumerators were told to push to obtain an exact figure for profits, in the first rounds of the survey it seems they sometimes relied on a range response only, which triggered a missing value in the check. The consistency check then essentially caused them to press harder for an exact figure on profits. In this case the PDA effectively acts as a constraint on enumerators not pressing hard enough for a figure. It is plausible that more intensive enumerator training could rectify this, but the PDA helps automate and simplify the process of re-prompting for missing values in a case where the firm owner is willing to provide related information.
One potential concern with using these consistency checks is how the firm owners will react when queried on their numbers. Enumerators were instructed to ask these clarifications in a non-confrontational manner, and to make clear that a reason for an error could be that the data were incorrectly recorded. In practice we did not experience problems in the field with firm owners reacting negatively to these consistency checks. The enumerators were all professional enumerators, many with masters degrees and significant experience in surveying. Coupled with oversight and field checks, we believe that the enumerators did implement the questionnaires and checks in the manner intended. Table 1 summarizes the frequency of consistency checks performed each round, and the number of changes made by the firm owner in response to these consistency checks. We report both the total number of observations changed, and the number changed from missing to a nonmissing value. The final column then calculates the percentage of changes where the consistency check results in an increase in the reported value of the variable in question to give a sense whether changes are all occurring in one direction or not.
Results

How frequent are revisions in profits and sales because of consistency checks?
Consider first the cross-sectional checks. The number of firms triggering this check was large in the baseline, primarily as a result of a high incidence of firms with missing values for the profits question (many of whom answered a range question instead). When these firms were then queried because the handheld viewed a missing value for profits as exceeding sales, 66 of these firms then did give a profits number. This also occurs with high frequency in the second round of the panel, but by the time of the third round most firm owners were reporting profits in the first question, before this check. In addition, slightly fewer firm owners report profits equal to sales in the later rounds of the survey, suggesting some learning of concepts is occurring. 10 As a result, only 2-3 percent of firms have changes as a result of this consistency check in rounds 3 and 4, compared to 10-12 percent in rounds 1 and 2.
For profits then, the majority of the changes from the cross-sectional consistency check come from changing a missing value to a non-missing value. This is not the case for sales, where a missing value would only trigger a check if both profits and sales were missing (and thus equal). The majority of changes in sales instead came from firm owners who had missing profits now reporting profits, and in the process of reporting profits, also revising their sales figure.
There are a small number of firms who report sales and profits to be the same, possibly as a result of not understanding the concept or of the translation being similar for both terms. The consistency check picks up these cases too, and results in changes. As one would expect, there is a tendency for the cross-sectional checks to lead to a downward revision of profits and upwards revision of sales, although this pattern is stronger in some rounds than others.
More firms are subjected to the panel checks than the cross-sectional checks, with just over one-third of firms given the profits check, and almost half of the firms receiving the sales check in a given round. In the round 2 data for sales firms are subject to two panel checks -a check of round 2 data compared to round 1, and a check of round 2 data compared to round 3. This double-panel check also occurs for rounds 3 for both profits and sales, while round 4 data currently have only a single panel check of the round 3 to round 4 change.
The most notable result with the panel checks is how few firms change their responses when prompted for the check. For example, 287 firms trigger a consistency check due to the size of their profits change between round 2 and round 3. This results in changes for 10 of the round 2 profits figures and 9 of the round 3. There are more changes for round 1 sales data on the basis of the round 2 checks, but this still only accounts for 6.3 percent of the overall sample. In all other rounds the panel checks are resulting in fewer than 2 percent of observations being changed. This is noteworthy because firm owners are thus confirming that the amount of volatility seen in their sales and profits data is largely genuine, and not the result of measurement error.
Are larger percentage changes more likely to be revised in the panel checks?
One potential concern with the panel consistency checks is that the mere act of questioning whether the change is genuine may cause some respondents to revise their profits and sales figures, even when no error was made. The small proportion of changes made in response to these consistency checks suggests that this is unlikely to be a widespread phenomenon. We then would like to know whether it is the larger changes that are more likely to be revised or not. Since Table 1 showed that there were only a small number of revisions made as a result of the panel checks, we choose to examine this question in a fairly simple way, through t-tests.
Looking at the distribution of the changes in profits between rounds 2 and 3 for observations triggering the profit check, we see that the upper and lower quartiles are approximately +150% and -60%. We therefore classify as "relatively large" percentage changes which are greater than or equal to +150% or less than or equal to -60%. Table 2 then reports the proportion of relatively large versus relatively small percentage changes which led to a revision in the panel check, along with p-values from t-tests of equality. For profits we see 4.6% of the larger changes lead to a revision in the round 3 panel check, compared to 2.7% of the smaller changes, although the difference is not statistically significant. For the sales the differences are statistically significant, with 5-15 percent of the relatively large changes resulting in a revision, compared to 0-5 percent of the relatively smaller changes. Thus while relatively larger changes are more likely to result in a revision, firm owners are confirming that the vast majority of the large changes in profits and sales measured are indeed genuine. This highlights the extreme volatility (due to seasonality, shocks, and other factors) of enterprise incomes.
What sort of revisions to profits and sales do firm owners make, and who is more likely to revise?
Next we examine what types of revisions are made when firm owners revise sales and profits. One obvious source of errors is cases where the enumerator mis-entered the data, either by entering or omitting zeros. However, such corrections are not the principal reason for the revisions being made -only 7.3 percent of the profit revisions and 2.8 percent of the sales revisions over the four rounds involved simply adding or removing zeros. More generally, few of the revisions made involve an order of magnitude correction to the raw data. Only 12 percent of the profit revisions and 11 percent of the sales revisions result in a correction made to the raw data which is a factor of ten or larger (or of 0.1 or smaller). Taking the maximum of the ratio of the corrected data to the raw data and its inverse, the median of this ratio is typically 2 to 3. Thus a more typical correction involves the firm owner revising a reported value of 60 to 30, or from 200 to 600. Some of these changes may represent single-digit entry errors on the part of the enumerator, while others may involve errors in reporting by the firm owner. The corrections are still relatively sizeable, but because they are not an order of magnitude, they would be difficult for standard ex-post error checking to detect.
Next we explore whether there are certain individual characteristics which are associated with individuals being more likely to correct errors. We can then think of several factors which may make individuals more likely to make mistakes, which can then guide our choice of variables. Profits and sales may be mis-reported intentionally, perhaps due to fear of taxes or theft, in which case we might expect firms with a tax identification number to be more likely to make internal consistency errors as a result. People might also make mistakes because they do not understand accounting, are not good with numbers, or because they are disorganized in their record-keeping. We include controls for the education of the owner and whether or not the firm keeps accounts for this purpose. We also control for gender of the owner, since if women typically control the household finances, they may have more difficulty separating household and business expenses, leading to errors in recalling profits. Mistakes may also arise because firms operate in a sector where it is harder to keep track of sales and expenses because of high turn-around. We therefore control for whether or not the firm is in trade and retail, which is the sector with most rapid turnover. Finally, we control for age for the firm, since owners of relatively new firms may have had less time to develop a sense of what profits and sales are.
Given the low frequency of corrections we pool the different rounds to create a dependent variable of ever making a correction over any round, and examine its association with individual characteristics in Table 3 . We find that owner and firm characteristics are not strong predictors of which firm owners will make corrections, with none of the coefficients statistically significant or large in magnitude. Indeed, we cannot reject the null hypothesis that these firm and owner characteristics are jointly unrelated to whether a firm owner makes a correction. This continues to hold true after controlling for baseline interviewer fixed effects. One reason for the significance of interviewer effects is that it appears that some interviewers were more likely to not push for an exact answer to profits in the baseline and instead record a range, which the error check then corrected. However, even when we consider error checks other than for those correcting missing values, interviewer effects are still jointly significant. It is unclear whether this reflects some interviewers making more errors than others, or some interviewers pushing the firm owner more to understand inconsistencies in the cross-section and panel checks when they arise.
We can also examine whether it is the same people making corrections in the panel each round, or whether it is different people each time. We find only 4 percent of firm owners making a panel correction in sales make it because of both the round 2 and round 3 consistency checks, and the people making the sales revisions because of the round 4 panel check were all different from those who made it as a result of the round 3 check. Only one out of the 27 individuals making a profits revision because of either the round 3 or the round 4 profits panel checks made a revision because of both checks. The vast majority therefore are only making it in only one of the panel checks, not both. Thus it is not just a few individuals who systematically make and correct errors, but rather appears to be error corrections are randomly distributed across firm owners.
How does making these changes affect the distributions of sales and profits?
Finally we examine what the impact of these consistency checks is on the distribution of profits and sales. Panel A of Table 4 begins by summarizing how the corrections made affect the mean, standard deviation, coefficient of variation, and autocorrelation of the observations for which corrections were made. Recall that one of the main effects of the consistency checks was to revise missing values to non-missing. However, to compare the distributions of the same observations, we only consider the observations which were non-missing in the raw data here.
We see the corrections result in quite large changes in the data which is corrected, with the corrected data usually having a lower coefficient of variation and higher autocorrelation. For example, the corrections increase the correlation of the corrected round 2 and round 3 sales from 0.319 to 0.791, and lower the coefficient of variation of the round 3 sales data from 4.0 to 1.8. These changes are consistent with the corrections reducing the noise in the data. Moreover, comparing the autocorrelations in Panel A to those in Panel B, which show the full sample, we see the autocorrelation of the corrected data becoming closer to that of the overall sample. We view this as suggesting the corrections are indeed taking the corrected observations closer to the distribution of the underlying data.
However, because only a small number of observations are changed each period and the changes are not orders of magnitude changes, we see in Panel B that the consistency checks have limited effect on the distribution of the overall sample. The coefficients of variation are generally equal for the raw and corrected data. There are small improvements in the autocorrelation, but only between 0.01 and 0.05, with larger improvements for sales than profits. Such improvements are useful in improving the power of experiments using this data to detect a given effect size, but do not suggest overwhelming improvements from the use of electronic consistency checks. Consider, for example, the sample size needed to detect a 20 percent increase in either profits or sales because of some intervention, using five rounds of a panel. Holding the coefficient of variation fixed, the improvement in autocorrelation seen in the round 2 sales data would reduce the sample size needed to detect such a treatment effect from 958 to 892, a reduction in sample size of 66. 11 In contrast, the 0.009 modal increase in the autocorrelation seen for profits would reduce the sample size needed to detect a 20 percent treatment effect by only 8 firms. 12 The larger increase in effective sample size in our context comes from the checks replacing missing values with non-missing values -a total of 124 observations or 31 on average per round were gained in this way.
Given survey costs of approximately $20 per firm per round, the savings from these gains in sample size would be approximately $3,900-6,600 in survey costs. Note these savings would greatly exceed the marginal costs of adding consistency checks to a survey that is taking place with PDAs. When comparing PDAs to paper-based surveys, the larger savings in costs come from not having to photocopy questionnaires each round, and from not having to pay for data entry. The use of handhelds and software may therefore still pay for itself, especially when amortized over multiple rounds or several projects, but the savings from greater power to detect given effect sizes due to increased accuracy are likely to be only a small part of such calculations. Trimming outliers is an alternative, cheaper way of increasing the autocorrelation and decreasing the coefficient of variation. However, the number of large changes which appear to represent actual changes suggests that trimming may be eliminating real variance rather than noise. For example, one approach to dealing with extreme variation is to trim the top 5 percent of percentage changes in profits: however, in our data only 4 out of 72 observations in the top 5 percent of raw profit percentage changes are confirmed by firm owners as genuine errors and corrected during our checks.
Conclusions and Discussion
We implemented cross-sectional and panel consistency checks with the aim of improving measurement in microenterprise profits and sales. There were two main effects of these checks. The first was a reduction in the number of missing values for profits, as firms who were queried again about profits after telling us sales often gave an explicit number for profits where previously they had not answered, or answered only with a profit range. These appears to be largely an effect of pushing particular enumerators to push harder for exact figures on profits, rather than of the questions inducing particular types of firms to answer who wouldn't before. Second, the checks did reduce the coefficient of variation and increase the autocorrelation for the observations which were corrected. However, the overall effects were fairly modest, since few observations were changed and the changes were not order of magnitude changes.
One of the key challenges for attempts to improve measurement in surveys is knowing whether changes in measurement are actually improvements or not. This is particularly the case when measuring the profits and sales of microenterprises, for which no gold standard administrative data is available for comparison. Despite this, we judge the consistency checks to have improved measurement in our survey. The argument for improvement is clear when missing values now become answered, with answers that appear reasonable in light of the reports of other similar businesses. For the revisions to already answered data, we consider the fact that the revisions pick up obvious inconsistencies and that firms realize, and correct, these inconsistencies, to validate the cross-sectional checks. The panel checks improve the autocorrelation of the data and bring the distribution of the corrected data closer to that of observations where corrections were not made. In the absence of an alternative benchmark for judging success, we consider this as evidence of an improvement in measurement.
The final issue is then whether the improvements generated by these consistency checks are in of themselves enough reason for researchers to switch from paper surveys to electronic data capture when surveying microenterprises. Based on the evidence here, we conclude that they are not. The potential improvement in power from reducing large changes in profits and sales is more limited than we a priori expected, since firm owners validate the majority of large changes as genuine. This provides further evidence for the volatility of income experienced by the poor when running businesses, a point also noted from recent studies of financial diaries of the poor (Collins et al. 2009 ). This is not to say that a shift to electronic data collection might not be justified on other grounds -in some cases the cost may be less than the costs of photocopying and data entry for example -just that the ability to carry out consistency checks of the nature studied here is unlikely to be the prime reason for the shift. Number of observations is number of non-missing values after corrections have been made in response to consistency check In cases where two numbers are given for number of observations triggered, the first indicates the total number triggered, while the second is the total number triggered among the final sample of non-missing values for this variable.
Percentage of changes which are positive excludes changes from a missing value to a non-missing value. 
Proportion of observations revised
